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Fig. 1 Kidney bean experiment scene

(a) : Hydroponics of kidney bean live; (b): Obtaining spectral curve

of kidney bean by near infrared spectrometer
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Fig. 3 Near infrared spectra of kidney bean samples
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Table 1 The salt-alkali stress pretreatment model obtained by PLSR and PCR analysis
S PLSR ##i S5 PCR B2 5
RMSEC R. RMSEP R, RMSEC R. RMSEP R,
561 (RAW) 0.781 8 0.930 7 0.736 3 0.933 8 1.974 9 0.3816 1. 905 6 0.492 2
LIS (SG) 0.801 7 0.926 9 0.747 5 0.9317 1.974 9 0.3816 1. 905 6 0.492 2
2 1E Y6 3% (MSO) 0.758 2 0.934 9 0.694 3 0.941 4 1.955 0 0.403 4 1.853 9 0.543 0
EAGHE(SNV) 0.793 4 0.928 5 0.739 3 0.933 8 1.392 6 0.758 4 1.365 9 0.764 6
PR UG (STA) 0.796 9 0.927 8 0.958 1 0.882 8 1.526 2 0.699 8 1.603 7 0.637 6
E#5EEDT) 0.692 1 0.946 1 0.677 0 0.943 3 2.009 7 0.339 4 1.948 2 0.469 0
BHE 6% (MEAN) 0.7817 0.930 7 0.737 1 0.933 9 1.974 9 0.381 6 1. 905 6 0.492 2
JH— 1% (NOR) 0.742 7 0.937 6 0.709 5 0.937 4 1.458 7 0.730 7 1. 406 0 0.731 1
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Fig. 6 Extraction of characteristic wavelength by CARS
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Table 2 Comparison of three modeling methods

L D I 4 o 4
e o
KA% RMSEC R. RMSEP R,
DT-PLSR 1463  0.6921 0.9461 0.6770 0.9433
CARS-PLSR 95 0.9049 0.9059 1.0617 0.8535
SPA-PLSR 17 1.2479 0.8117 1.2408 0.805 1
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Analysis and Detection Method of NIR Spectral Characteristics of Kidney
Bean Canopy Under Saline-Alkali Stress

WANG Lu', GUAN Hai-ou'* , LI Wei-kai* , ZHANG Zhi-chao' , ZHENG Ming', YU Song®’, HOU Yu-long®
1. College of Electrical and Information, Heilongjiang Bayi Agricultural University, Daqing 163319, China
2. Northeast Agricultural University, Harbin 150030, China

3. College of Agriculture, Heilongjiang Bayi Agricultural University. Daging 163319, China

Abstract Salinity-alkalinity stress is one of the important of adversity factors that affect the kidney bean production and quality,
the research of crop salinity-alkalinity stress is commonly by conventional chemical milling extraction method, the operation is
complicated and time-consuming and destructive, such as for kidney bean canopy under salinity stress near-infrared (NIR) spec-
trum feature extraction, and quick nondestructive testing its salinity-alkalinity stress degree research rarely reported. In order to
solve the problem of rapid detection of salt and alkali stress of kidney bean at the seedling stage, a new method for analyzing and
detecting the NIR spectral characteristics of the canopy of kidney bean under salt and alkali stress was proposed based on near-in-
frared spectroscopy to study the characteristics of healthy and multi-grade salt and alkali stress of kidney bean at the seedling
stage. Firstly, the spectral data of kidney bean canopy with healthy seeding stage and saline-alkali stress in the range of 990~
2 452 nm with strong absorbance value were selected for study, and the original spectral data were pre-processed by using the
automatic fitting detrend algorithm (DT) with a quadratic polynomial. Then a competitive adaptive reweighted sampling algo-
rithm (CARS) was selected to extract 95 characteristic wavelengths sensitive to saline-alkali stress from the pre-processed data.
The radial basis function was used as the hidden neuron to construct a three-layer feedforward neural network structure of type
95-282-7 (RBF). The network parameters were determined through the training set of samples, and the forward output value of
the network was coded as a binary vector. Finally, the output vector was analyzed to the saline-alkali stress degree and the rapid
detection method of saline-alkali stress degree of a kidney bean at the seeding stage was completed. The results showed that: (1)
the original spectral curve was preprocessed in a variety of ways, and the correlation range of the study results was 0. 339 4~
0.946 1, the correlation range of DT pretreatment spectrum was 0. 943 3~0.946 1, and the mean value was only 0. 944 7,
which could improve the accuracy of rapid detection of salt and alkali stress of kidney bean. (2) aiming at the near-infrared spec-
trum curve of kidney bean canopy pretreated by DT, CARS algorithm was optimized to extract the spectral characteristic wave-
length vector of 95 dimensions. The total wavelength of kidney bean was reduced by 93.51% , effectively preserving the charac-
teristic information source sensitive to salt and alkali stress. (3) application of CARS - RBF model for automatic rapid detection
of kidney bean salinity-alkalinity stress degree in the study of 282 times, the mean square error (MSE) is 0. 009 938 59, model
checking accuracy reached 97. 73% , so, this method is a new way of rapid non-destructive detection of saline-alkali stress degree
of kidney bean. and can provide a technical reference for the rapid non-destructive detection of the saline-alkali stress degree of

other crops.
Keywords Kidney bean canopy; Saline-alkali stress; Spectroscopy; Extract features; Detection model
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